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WE N — e e H AT RS, F4TH %4 (parallel algorithm portfolios, PAPs)IT 4 3k £ #| & . T H UK
EE, BEHMAMAFE A LA T REOKERR. FHATHEPAPH 7 AMRB T A AR, THRE. X
TR —FA, AXRYET —METENMLNHPAPE §8 LK B 31193 77 £ AutoPAP. 4Kk b, AutoPAP# /&
(mtD)EMRNESE, BNEE—RERMEEE R, HREKEEEWAZIPAPY. #FREFXARLE R HEESFE
HFERKHESRBALTE, AR T AL RHE TR A AutoPAPH ST M #E, FHIEBH T AutoPAPE 3 it £ ¥ DL
HEE|(1-1e) Ll G KR, & Ja, A X LAHRAT B 19 & (traveling salesman problems, TSP) % 4, £ f AutoPAP#4
#% 12 2|TSP_PAP. s34 R &F, £ TR TSPMIKX & £, TSP PAPHI KB E M FH B £ T YA TSP LA A%
Bk B B SR AR B EAXAILKH. 7 128/ ML 1000~30000 49 TSPl £ 47 E, 48 bt FEAXALKH, TSP_PAP LUK F
PSR AR BT B J5 45 2 0 45.71%, H TR £ FEKE D 87.50%, X RI H AutoPAP#E & % B shik it GE M A ®
EAR#.

XU RS, HTHEA, \AE, B H R, RITHE A, Aetit

1 5%

it F2204R W, HATIHEREMAER T ERERY. B
U4 %2 % Hh YL AL B 3% (central processing unit, CPU)E.
IR N ENLRI AR HERC &, e B LR 1t
FMAE R TR e TR MRS 2%, CPURZEL
LT FE. kS R E R S B SR R A
WA TR IBkAR:  anfrE ROR AT R
G DATE 0 b fge e SEBR B FH R ) 52 2k 2 sk B, T

WRFEAFER TS, T IAT RS O FF
gap. flhn, 7E— LU E SR EEARHE ) R AR R ]
i /& P 7] #i(boolean  satisfiability problem, SAT). %
PR AE 7] @l (constraint satisfaction problem, CSP). [f]
Z B Ym 2 7] @l (answer set programming, ASP). JEA %k
P HE LK) 7] @8 (mixed integer linear programming,
MILP) A1 HE 6 7 S AL 4] @ (black-box continuous opti-
mization, BO) L, JAT R ICL N ER. 1AL,
FEAR 22 Al Tl 31 Gn 30 BRI SR fil 28 CPLEX
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REBE: BRI 2023 4 53 % A2

(https://www.ibm.com/analytics/cplex-optimizer) f1IEDA
A4 Synopsys(https://www.synopsys.com)F, FHAT R
DA HAZ DR,

BIRIHT RS DS — e R R R, He i
B W AR e IR IR B, — =, JFATR
ff R R G T B0E O AT K ds, JEfdt—2
AR B A EL AL DA SEEIL i) R A AN AS [ SR Al 2 R 2 (18]
IPMET. X R E SR RN 51 R 4 KB M S 4,
KR, I B AR S OB I AL SR AR A 2R AT 35 A e,
FEIFFES].

AR, — MBI AT KRR TE — AT %
%H(parallel algorithm portfolios, PAP), 7E#]E™. i+
DARGESES B A RS T SR R
AR, BTSN T TR L AR EPAPRE — M
HTRIENES, Hh BN FIREEARAE ZPAPKI L
L. HPAPH TSR BRI, HFT &
PURRERAGAE Z 0 BRI A BT IR Tis 4T, H
FEIR B bS5 A R 250E. WTLAE B, fEPAPISATIE
e, BRI B FAEFME B AL H, B
PAPISE I S 2% FEA EL TAR G FAT R4 EARTG 2.

S—J7TH, MiESTEREPAPHARK 5. Bk —1
PAP [ A 1l 53 SRR OCEATART ) REASE A7) L 1) 178 5 0
T HAR A S, BAZPAPHIPERESE R EALSE
THEIEORIVERE. 5 L, BROZ AN B R SE AR
T S50rFRITHE R, H R 4L PAPH RATAT M RE
i Pk, BEWEME, — s TEREPAPHT AL & B
AEEAENERE BN B 2 ek, RS AN B SR SR AR
S H S RO AR DB R SRR W A, A
B A 22 VR A i VE REPAP R R R 25 1R, R,
FESE PR R B 7T & UL LRSI E S, X
TR RN GO0 % Fh B AR 3 LR AR 7870 A
W, B A RN (a3 J5 S 5. AR 1
NI A, AR R 7 PAPHIRIT A [ 1A, FH
WS HBE— A R,

N TR B, ASCHR T — AT (4 1)
TEARAHE ZE I PAP Y eV S M 1& 77 72: AutoPAP, Hifz
52— AN FLVERC B 2 AR — A ] BRG] SR A 1 AR,
MR B APAPIE R 7 50, DLEASPAPYE 5 &
ERITEREIE B, Jv T FETT AutoPAP S bR B A%
R, ARG A EVERE BRI TR SR it

TR PAE R R EA R B S AR R T 3D,
A MRS EIEB] T AutoPAPH] LLIAFI(1 -1/ @)K
RARAR L.

B, ANSCLARAT R A dl(traveling salesman pro-
blems, TSP) N, 3&iFAutoPAPIHIA R, BEAKIN =,
ASCAE F AutoPAPHIE /5 B TSP_PAP, FHK5 H A1 i
TSP_b P R & A 1O SR AR B LKH Bl R EAX ST L.
SLGLE RN, £ R WRTSPIIALE I, TSP PAPLE 2
TE SR A 8 2RI SR TE R AR 3 B3 I T LKHAM
EAX. fE128#U#1000~30000 TSPIRFE(F] F, A
EL FLKHAIEAX, TSP _PAPH] LK P35 K fig i 1) 4 4
2/04571%, H¥G TR ZE R EKED87.50%. AL
Ui, TSP_PAPZ T4 A MRS SR I TSPR 2%, X 1A
I AutoPAPTE 51 H 8 it 53 A0 7 T 1 BT .

AR JE LR . B8 4 Jil4h HPAP
A K PAP [ Sl 4 £ 1] #8304k e . 58 =1 1 S
R AutoPAPHEZE DL N2 A8 5 551, SR )5 1IE W] AutoPAPIH)
AR YE. 28 DUHT LATSP ) @AY, 56 30F AutoPAPH)
AR, SRR ST B

2 i L
2.1 PAPERALE N

4 PFIRPAP, Ak RPIIFEL, BIR B EE %
&, PO E U F

P=1{0,0,...0,}, (1)

o, 0.8 7R PSS B R

N TR AL ZWE /T, AU
m(solver, instances)F /R EMEBETRFFm T, KARZS“sol-
ver 1L [ BUFE ] 42 A “instances” EAUPERE. VERE “sol-
ver” ] DL BAH R, WA L& —APAP, 1M
“instances” R 1] LA LA 1] AL (UL BT DLEAE R &
B AFEBIRSESR), AT LR 2 A 8] A4 1)
g5

48 F PR SR 45 58 1) R ZINE, Prp BT AT ol 57
5k, B10,0,...,0,, EFAEz FAHEAMSLHIETIEAT,
B RNABZ b2, X B A2 b SO T SR 1Y
I REURTRE M MR 1 B R brm. BRI 5, B AR SR A
15 1 49 #4158 J (decision) i B (UISAT v @), H5-4 fEPAP
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Kb 5 IR AT FR AL BRI A

AT IR o R AT A — AN RO SR R R T 0z
FE R, B B>, BTh R FE AR 2 S A &
1k BRI SR A 2 T 5 PR1 A2 AT B T gl A L A A i 7 RV R
filz T R RIS AT [R). eAh, ZE X PP T, JBH 25N
— AN KIS AT T CUFRE RS [R],  T,,,) LA IEPAPIE
AT IR, A0 SRR T IR TET PN, S AT R 2 B v 4
A BB R, B4R B B 2 S R 2k, HLtk
VR AW 1 58 AR S (Timeout) 5 2% I (Failure).

F— 7, ARVRRRAR M ]S R4 (A0 TSP
[ /), 2 b2 A AR T IR N R (1 14 B HE Avm. G 2R
A B — AN I Bk A0 AR (5 e 0 e ) 22 R AN e i
TG4 52 B IR BT 75 s AT I 1), A4 R AT fa] —
AR BRI IR B T IR MR, BT R SRR 2 ST
BPg &b, 525 s i BN —FF, FEIX ARG B AT
DL N B A I AT I (8] T CABTT IEPAPIZ AT I [H]E . Gl
Rm R AELH B W] 8] T WER B AR T 2, TR
3 FAE AR AR IBAT T R JG 2211, )5 PR
TEAR B 0 FTA AR R A IR i .

ATCAE R, To1e 3 BB ] o (vl f 2 B RO (] Fi P BE 4
bR, PTE ARz b PEREm(P, 2) 2 2 LRk I 5%
0,,0,, ..., 0 fFz LS IR A7V RE, R

m(P,z) = Iglggm(ﬁ,z). 2)

AR — M, R T RE AR bamiT 5, {E 8RBT
ERRERRAE, SEbrd 25 AR AL A Homg 4R 2] — A
AR AR M BT 75 A8 AT I 1) B, FRAT AT A IR AN R IE 17
SRAG ) R B IR AR, Rt ot B A Rk 3
HIfR-5 B R R EE S, AT TS v W 2 75 2 i A A
i, & SETCENEEEREITR . B2, XA
SR AL. Bt— D, PR EAEFIEET L
I BE A PAETH A T URE ) L f 1 A 1P $404A -
m(P.1) = % > m(P, 2), 3)

zel

X, RN ST,

2.2 PAPH M A

N T HEPAPHI I RE B B4, ASCH & L
PETRI R g e ST B 2 (M o Hh s £k 1 7 A A
P, VAEAS 5 # AR 45 E 1) U B4R & 1 _E P ek 2
Al
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Horh, IERRIEUIZREE, FLR 4 78 73 AR PV H FRAE
M5, sz, WRPAET EVERE BUT, 84 AT LAHERT
PAESEBRAE ANt BA REFITERE. AN E T RIOH
— A\ B EIEB, B,, ..., BATE X, R, AR
KRB R, K A R B A 5 T
ZH, ZHIBUERESIAE B, 7 AT A, FEfXB,
MEREA A BRI, Rk, 4B, KIS AN [FE
W, FTRAUCNAS B T AN S RIS B, KB
SHGE AT nTREMIME, &R BIMFTEM—TE W
FOEFTH R E S, BB ML E M, idh
®, B, BB AEWNSEafp, HEAWFIHUE,
a€{0,1}, pe{0,1}; MarO,—HLAETINMAFERE
#, W 0,={a:0,:0),(a:0,p:1),(a:1,5:0),
(a:1,p: 1)}, Ha: 0RRSHMEUENO. WE1
fi, ZAFEMEIB,B,, ..., BT E X H LR 2
Al =0,U0,U..u6,. Fl, FEIALR 1 iyl 1
HIIB, EEEA —NEMEER, HE 13
y € {0,1}, k@, = {(y: 0),(y : 1)}, ;RZO=0,U0,.

WRETHTIR, PR R 0 # 2 Mok 43
F, PRto M R 23 /N N6 that, B4 Q) T4,
B PO A S B ATIR0, A R %0,
ANBIPIIA S RAT AT REIG 2. PR, FE AP 48T
RO S, AT DT B kb e P O B IR RO SRR HE
B, 3XA] DLORIIE £ 2445 B 1) PrR & AN i R RVE AN
HIFE. S2br b, PRTCLEIEOR) T4, B4 PRI %
KA (O1-i+)=0(0F. % Lk,
PAP [ #ly ) o] i 1) % A e L F
pr= argmaXPg@E|P|=km(Ps[)9 4)

Arh, P RIRHALPAP,

BHSEEE B,HYEARD BREAEKE

Z=Fo,

=g e, gxge,

B 1 BGHEIEB,, By, ..., BTE X HIERCE 200
Figure 1 Algorithm configuration space © defined by base algorithms
By, By, ..., B..
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3 PAPHABILRAME 771k
3.1 AutoPAPHEZH

RSP T — IR F AL LA 1 77 AutoPAP K
fift ke bSO PAP H B R 1] R AL SR R A
HIz@E AR, Homid i R kAT
A& X (crossover) A% 5F(mutation) S5 #E, HIE—EM
B SHAEEREOER T, TR TR,
EAFERN R, 15 FLE A A A i 5 AT
e A SRR IR ) 58 BEAA T AE AutoPAPHY,  ME(TT R
M)A LS EEAR, W RIAEPAP, R o AN AR T )R
HPAPII R A 535, HIEREE T Ik, AutoPAPHIfE i
WA — AN X 6 5, T3 2R I R Hh R
FUBGE % (5 A8, T 7E AutoPAPH,  FhE(PAP) AR
SEBHHE K, XA LARIEPAPHIMEREA 2 BB L
(VEGH 43 M1 W.3.375 51 B 1). AutoPAPHI AL IR,

BN BUERCE SO, WL TEfETEbrm, PAP
FULk, B — AR B RGE BE S .

B BAHREP = {0,0,,...,0,).

B YIRS ANERTT SR & — 1 VIRt
FhEEP — @,

B2 (AR E T EOH R A4 lin A ik ik
53%0,,0,,...,0,.

B3 K0, 0, .., 0 EINGSELEHATINR, K5
X T PEA KRR a8 R

0,=argmax;., ,m(PUOT). ®)

.....

HB4: %0, INFIPAPH, P — PU O,

BB|S: WmFi=k, FIEGRIFREP, HM
i—i+1, FFEEDES.

A LLE B, AutoPAP—3EH k JGEAR, 1BAE(n + 1)1
ARAEZL. TER— AT, AutoPAP{E A R H T
MEVERC B 2 (MO8 R Bln ML L, G IR
Forxf M HTPAP T REIR T B KIS B I 2 P
EAERMR, ZEIEE TRETCIES P R M B3 25,
Eim(P U 0,) = m(P), X P& FOASHIA R P,
SRR SRR 1 BT L 15, TN AR AN R
PHITERE(E W335 5131, ok, BARTEIIZREE Loik
BEPH RIS, (HAE YIRS 5 7 o5 210 e
PR bl s B s FH 3735 b H BRI 1) EREB81)), 0,43 P

LU PHRIETT.

B4 AutoPAPIEARIR B IN,  PRIRELZ S HE K.
BAR, BRE TR K R AEIR KIREE bk
SEPHERZAMERE. N — T VR4 44 AutoPAPH A2
AT AutoPAPHITHRACAY T2 2 i iR 73 4 Rl 55—
8y AR B BR2 b Al AR S B AR A e SRR B
R, 2t FoRA R — N EIE RIS ], 40X — 5 1
CPUIN [A) Ayne,.. 5 — 383 W JE AE 5 BR3 v 0 fige 36 S50
BEAT I T SARHY . AWK — AN BRI () e,
AIX B (ICPURS 8] At H1t, AutoPAP—YIEAR
T8 ¥E (I CPURS 8] Ay n(r,+¢,), A CPUR AN Ay
kn(t,+t).

32 ZBRHET

2. 27 ik, @ — H S AL SR (IR AR R AL 5)
B, B,,...BIBARE =N, Il 0=0,U0,U..U8,
HlO = X0 0. Heirz, 2 b 5k
AN, R R A B BT B () BOK, B S Al
HZEHERZN, ORI B, EXMEL T E
FEX QBT R BCRARK. HIR, OnTRe s KAFZ
2%, BT AR EA LR Rl ), B
HOR (R A SR B R TR ASE) DA K e s 2 (B AL B0
AIAREERT AR 7 30), X B SRAR 7 B3 7 R [ I AL B 2%
KA R &

ASCAE R T B TR AL SR A BOR (sequential
model-based algorithm configuration, SMAC[M’IS])}Ei
PARET. BfknE, ZRETIRASMAChOT T
N RENS B KRR L SR M BT PAPTERE MBI, 1ER
B 2 B e . AR BRI R R, SMACS i
A7 Al (regression  model) DA TN 25 5 S92 C B 1)
PERE, SRIGAEIZME AR 2 b 5 KA E IR 3R ek 3
(acquisition function) Kk iE F — A HAHC B 27 (8] 1)

AT DAAREE VR TR RO S AR AU (or-
dinal) 5. BN HRIF 1 ) DA [ SCHR[14] Ak — 25
THASMAC. A T SMACHIJF IR AV3, AI{E
https://github.com/automl/SMAC3 K EL 2.

N TR RO DR T A LA G R ) ), AR SR
M T rmis s, RAT S, HEEIA R EMA
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Kb 5 IR AT FR AL BRI A

5B\, B,, ..., B [WBC B 725 A AR A 528, BRI rT LSO
H AR i e T2 0O, 0., ..., 0, FERA T2
PR FISMACHH T R, Y > 21, P28 E /TR
23 (8], X 0] DAKIE BRI R AL, 3t — 2D, fEe T2
[ P 308 23 A 3R e s 13 B A BN L, 17T AutoPAP
FERE—ARESEE A S AN W 5. BRI, W DK X n AN
RIS 4y TE B AN [F) 2 R B I SMACHE & 2
E. flan, #n =10, c=2, I40,,0; 0.0, 04H
SMACTE®,F R H, 0,,0,,0, 040, HHSMAC
12O R F).

25 ERTIR, AutoPAPHARE B (1 HAR A IR U R

B AR E SO =0,U0,U...U0,, JIZ%E
I, VEREFE AR m, B — A I FEE S, ST P.

B n MEEFE0,,0,,...,0,.

BB VA E D ARC AR S — 1

HE2: j « (imodc) + 1.

HB3: (I HSMACTE®, &
0= argmax{,e@jm(PU {0},1).

B4 Wi = n, FIELRIIRMG,0,,...,0,, &
Wi — i+1, FFEEDIR2~4.

ST RS E2F, modRRPUEIZH.
BE3eh, SMACHI L F A maxpe o m(P U0}, 1), iE
AR B TS5, SMACUIHER 148 2 & i 5k,
FESRbR, (ANPTRENTETT R, BRI SMAC iR 24 [=] (1)
AR IE AR AL, EAFE RN, A e T
A BERIEFA TR A E R RE D —
R, RFE/E FH AutoPAPIN 55 i B > c.

3.3 HHEOHE

AT NFRE _E 53 #T AutoPAPLE 2(4) AT i€ XL PAP
H S ) BT REIA B A EL. 82, LLS(P)
Form(P, 1), B Jcuk B 5l B 5] BE2.

5181, () B AR B R A S, BT
HACBCO,iiEsf(4)<f(B).

MEBH: M5 (Q2), W TAEE RSz, LURA
E A
m(B,z) = max{m(4,z),m(B\4,z)} > m(4,z).

HE—Ph, 4545 503), LR ASE AL,

284

JS(B)—f(4) =m(B,T)—m(4,])
- ﬁzzg[m(&z) ~m(4,2)]
> 0.

UEHA 58 B

5132, @) HI B IR R A TR, BIXTT
= AC BC OF{EEO € O\B, i &
SAUL0}) —f(4) =f(BU{0}) —f(B). (6)

JEEH: REENQ), N TTE SRz, LTS
m(AU {0},z) = max{m(4,z),m(0,z)},
m(B U {0},z) = max{m(4,z),m(B\4, 0), m(0,z)}.

F LT =R R0

HEIL(1): m(0,2) < m(4,z), IBAUN R AT
m(AU {0},z) = m(4,z),
m(BU {6},z) = m(B,z).

FH 15 3
fAU{0y) —f(4) =f(BU0})—f(B) =0.

TL(2): m(B,z) = m(0,2) > m(A, z), 40Tk
JRAT.
m(AU {60},z) = m(0,z),
m(BU {0},z) = m(B,z).

H k15 3
fAUL{0})—f(4) =0 =f(BU{0})—f(B).

fH0L(3): m(B,z) <m(0,z), A4 40 & R
m(AU {60},z) = m(0,z),
m(BU {0},z) = m(0,z).

JE—Hh, TS RS AL
m(AU {0},z) — m(4,z) = m(0,z) — m(4, z)

>m(0,z) —m(B,z)
=m(BU {6},z) —m(B,z).

RIS (AUL0}) —f () = f(BUL0}) ~f(B).

EHISE R,

B L, SIFERE A PAPRIIRE K, Hitk
RESL R AR, SIFE2 IR RAE X T PAPSKIL, AL
GABENE ety SR P BE 4 i AT 0 03 s 33 D A -
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R i A BRI B AFIVE REWR 28 A R K 855 TR0
AMEIAR R EBKIE R L. fRICEEC L, FPTiE R
Redic iR ity

A0 [4) =/ (AU {0}) —f (A). )

R EF 1 E B T AutoPAPAE B b A] LLIA
(1 -1/ e) i UG R, N T U e #, & P,
N AutoPAPIZE AT i B2 /R 2 i R AR 45 SR I I PAP,  H
P={0,...0,), 4P ={07,..,0; &R EMPAP, HI
pr= arg[nang@)ﬂ|P|:1f(P)~

EFR1. Yt — oo, Hn > o, X T4 & IEBEEFK,
Wi fPy=0—e ™My, KR, 0=k,
S(B) = (= Ve)f (P).

WEBR: WIETATIR, 7 AutoPAPRERRIEAR
t. — oof] LAMRIEAEAN Fic B 25 18] HF 6 24 BT PAPYE RE IR
THE R EEGIRS], n > A DFIEEA T E
TR H FHEERE DR 4L, AutoPAPTES
ORI AR B 550 3 2
0, = argmax ;. A(0 | Py.

RIE, a0 R AN RoT.
f(P)Y<f(P*UP) 5l

k
=f(P)+ ZA(Q;‘ P.U {61*,92”‘,--~,0,-’11})
J=1

<f(P)+ Y, A@|P) 5IHE2
ocpP”

<f(B)+ Z*A(H,-HIP,-)
P

=/ (B) kAW, | P)-
P A, BRI T A%,

AOyy | B> 1/ (P ~f(P)). ®)

SE NS, =f(P7)—f(P), BWRE I N Ror.
8,=8,,=f(P.)~f(P)=A0,,|P). Q)
KR RNARZER(R), HFILL FAZER,

8,-8,,> . (10)

BASEXQ0)EF R, JFs N, /52X

1

3,<|1-+|8,

1

=

(P —f(2)]

N

1_

| =

VAGE

N

1_

| =

g%[lf%]@w: @as, <c (P BN

8, =f(P") ~f (P), B FAMAL.

fB)=(1-e " (P),

IESE .

4 LR KE

ASCLATSP[A /94, 51k AutoPAP FI A R .
TSP 2 & HINPAE I, FLRSIR IR : 4558 & T
T, G423 U7 T W I i A%, TSPEEPL
W S a Y, 24k H
W51 36 AR 2 BF TN Gt FOoR g g 3k AT R, B,
AR TN NI B TSP R fif 85 /2 K Al Lin-Kernighan
KA LKE" L R i 4H 8 T X T
EAX'">" &S0k FH AutoPAPEF X TSP ] 5 1 1% PAP
(iC NTSP _PAP), SR/ K TSP PAPHIIX LUK fF 28 iE 4T
b g

4.1  |A)BAEIS

T RT e A T R AR 2 PR RE, A SO
TSP HELE M ik http://www.math.uwaterloo.ca/tspU{ &
T AR RS 128 S HLAE 1000~30000 1) TSP 1] L FE 51
X PUFh R 7 3ol i

(a) TSPLib™"'5k [ S2BRR, FE3 141,

(b) National TSP, M % [ EHI R3], 191
FEH;

(c) VLSI TSP, >k H kKU B L i 5%,
HLT2AFE;

(d) DIMACS Test Set''®, #7EDIMACS TSPk fi#
Pl bR A e RS, Jhe M FEM.

TEGE [ IX L () URE 5] 78 & RIS X (8] A& ] 23t
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Kb 5 IR AT FR AL BRI A

R 1 SLIPTRHAI TSP ARG 7E % A X (6] L f) 70 A7 15 5

Table 1 Distribution of the TSP problem instances over each problem size interval

AL IX 8] [1000,5000] [5001,10000]  [10001,15000] [15001,20000] [20001,25000]  [25000,30000] Bt
TSPlib 23 3 3 2 0 0 31
National 4 11 2 0 2 0 19
VLSI 48 7 3 4 4 6 72
DIMACS 0 0 6 0 0 0 6

Bt 75 21 14 6 6 6 128

KM L AtEol. —MmE, MTSPR SRS
10008, A A A& A FUBLTSP, 1M 8 S000T il
IR RHETSP, BT LA 24 SCFT R FH B TSPAE 51 4
A T/ By KRR, Hhah, 13X 5 i G 5] 1
Bas T ZPhTSPEE RS SAY, ARG AE 4k, =4k,
D4Rk R EE B _EAJEUC 2D, EUC 3D, EUC 4D3%Y,
LR DAE B A0 P4 U OMATRIX S A, DL P I 5
FAIGEO, JENI )5 ] LA A 1) SCRR[20] 3R BUX L
FEBS VRGN . (HA3ER S, TSP_PAPE FH TSP
P B 25 LR ALK HATEAX vk 5E 1) (1 4.3
7). K, FMILKHPA X EAX—FE, TSP_PAPXS DL L
HREERMAGE . 35, AU 7 X TSP
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Table 2 The number of timeouts (#Timeouts), PAR10 and ADR obtained by each TSP solver
TSP_PAP LKH EAX LKH-TUNED EAX-TUNED EAX LKH TSP_PAP*
#Timeouts 7 50 16 43 14 9 9
PARI10(s) 2369.38 14242.85 4928.88 12319.73 4364.25 2921.51 2980.09
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Figure 2 The ADR (a) and PAR10 (b) obtained by TSP_PAP, LKH and EAX. The percentages indicate the performance improvement achieved by
TSP_PAP, compared to the corresponding solvers.
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Figure 3 The performance (in terms of PAR10) of TSP_PAP against
the CPU time consumed by AutoPAP.
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Approximately optimal construction of parallel algorithm portfolios
by evolutionary intelligence

LIU ShengCai'”, YANG Peng'” & TANG Ke'”

: Department of Computer Science and Engineering, Southern University of Science and Technology, Shenzhen 518055, China;
2 Guangdong Key Laboratory of Brain-Inspired Intelligent Computation, Shenzhen 518055, China

As a high-performance general-purpose form of parallel solvers, parallel algorithm portfolios (PAPs) have recently shown great
performance for solving decision, counting, continuous, and discrete optimization problems. However, the manual construction of
PAPs is laborious work, which typically requires substantial domain knowledge and human effort. To address this issue, this paper
proposes AutoPAP, an evolutionary intelligence-based method for PAP construction. Overall, AutoPAP follows the (n+1)
evolutionary framework, i.e., in each generation, n candidate algorithms are generated, and the best one among them is retained in the
PAP. Considering that the algorithm configuration space is typically very large, this study designs a highly effective mutation operator
to improve the practical performance of AutoPAP and further theoretically proves that AutoPAP can achieve (1—1/e) approximation.
Finally, to validate the effectiveness of AutoPAP, this study uses it to build a PAP, namely, TSP_PAP, for traveling salesman problems
(TSPs). The test results show that TSP_PAP significantly outperforms state-of-the-art TSP solvers EAX and LKH in terms of
efficiency (runtime) and effectiveness (solution quality). On 128 TSP instances of sizes ranging from 1000 to 30000, compared with
LKH and EAX, TSP PAP can reduce the average runtime by at least 45.71% and lower the average deviation ratio by at least
87.50%, indicating the huge potential of AutoPAP in automatic algorithm design and evolution.

problem solver, parallel algorithm portfolios, evolutionary computation, automatic algorithm design, traveling
salesman problem, combinatorial optimization
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